This paper presents a computer program for use in the design of long-term clinical trials with multiple treatment arms in which the primary outcome variables are censored survival times. The treatment arms may be structured as a one-way or multi-way factorial design. It is assumed that patients are entered and randomized to a treatment arm during an accrual period. The patients are then followed for a xed period during which there may be dropouts. Various distributional assumptions can be used to model the survival times. These include an option in which there is an e ect of treatment only after a lag or delay time. The program then computes the power of various statistical tests of hypotheses concerning treatment di erences, interactions and trends. The power computations are \exact" in that they use the Monte Carlo method to obtain Type I and II error probabilities. However the program also outputs the normal approximations for comparison, although they are typically not accurate in these situations. Fisher's LSD method is used to adjust for the multiple comparisons. By comparing the power for various sets of design parameters, such as sample size, numbers of factor levels, patient accrual rate, and length of followup, an appropriate design can be constructed. Two examples are provided. The rst is a simple one-way layout with multiple treatment arms; the second a two-way factorial design for a proposed large scale cancer chemoprevention trial.
Introduction
Until recently, factorial designs were rarely considered for the conduct of long-term randomized clinical trials. However there has been much renewed interest in the past few years, in part because such designs are natural candidates for disease prevention trials where it is desired to examine the e ect of various nutritional supplements, pharmacologic agents or other potential prophylactic factors. For example, the Physicians' Health Study 1] employed a 2 2 design with the two factors being aspirin use and betacarotene use. A more complicated design was used in the recent Linxian study 2, 3] . In this 6-year prospective intervention trial, there were four factors consisting of four vitamin/mineral groups, each at two levels { present or absent. A fractional 2 4 design was employed to investigate the e ects on mortality and cancer incidence.
Of course, disease treatment trials can bene t from consideration of factorial designs also. For example, Staquet and Dalesio 4] describe a lung cancer trial in which 600 subjects were randomized into a 2 2 design to evaluate the e ectiveness of chemotherapy (yes/no) and of immunotherapy (yes/no). Beck et al. 5 ] describe use of the same 2 2 design in the MDRD trial where the e ect of two di erent diets and two di erent blood pressure controls were evaluated to investigate their e ect on glomerular ltration rate in patients with chronic renal disease.
A general introduction to the factorial designs for randomized clinical trials has been given by Byar and Piantadosi 6] and Byar, Herzberg and Tan 7] . Brittain and Wittes 8] studied the e ect that interaction and non-compliance can have on the power to detect treatment (main) e ects in a factorial design especially in comparison with the \one at a time" design. Slud 9] gives the theoretical development of semi-parametric methods of analysis of a 2 2 design, when the endpoint is survival time.
For comparing just two treatment arms with a survival endpoint, there are available a number of statistical tables, nomograms and computer programs for power and sample size calculations| see e.g. 10 20] . Our program does not speci cally address group sequential designs; however by in ating the sample size from the xed sample design by the appropriate factor, the corresponding sample size for the group sequential test can be found 21, Sec. 3.1].
Makuch and Simon 22] gave tables for designing trials with multiple arms in a one-way layout.
Their method assumed exponential survival times and used normal approximations to obtain the power. Also their sample sizes were stated in terms in numbers of events observed, so further approximations are needed to convert this information into numbers of subjects and length of followup that would be needed. This problem was further considered by Liu and Dahlberg 23] . Peterson and George 24] have extended the methods of 10], 22] to provide number of events requirements for testing for an interaction e ect in a 2 k factorial design. They used the results of 13] to obtain sample sizes and trial duration. The purpose of this paper is to present and describe a computer program for use in planning factorial or multi-arm clinical trials. The primary outcome variable is a time to an event of interest, for example, death or onset or recurrence of disease. We assume that, after the start date of the study, there is an accrual period during which patients are recruited. After a xed period of time from the study start date during which patients are followed, the data set is closed and a statistical analysis is performed. During this followup period some patients drop out and are assumed lost. Before initiating such a trial it is important to ensure that the sample sizes and followup period are su cient to guarantee adequate power to detect treatment di erences that are considered meaningful; also adequate power to test trend, interaction and other hypotheses of interest. The availability of such information in the planning stages of a large-scale clinical trial is extremely useful as it can indicate areas where scarce resources are best spent. Our program provides information on these issues by simulating a clinical trial according to the design speci cations of the user. Exact power calculations using computed critical values are performed for the overall test of homogeneity among treatment groups, for a test of interaction and for tests for trend and other linear combinations of the group incidence rates. In addition, the user can investigate the sensitivity of the analysis to di erent distributional assumptions.
The methodology is described in Section 2. The computer program is described in Section 3. Some sample runs are described in Section 4. Hardware and software speci cations are given in Section 5. The program is written in C and versions are currently set up to run interactively on a SUN workstation and an IBM PC or compatible.
2 Description of the Methods
The Model
Factorial designs permit the study of several factors simultaneously. We consider a full factorial design with multiple factors, labelled A, B, : : :, say. We will think of factors as di erent \treatments", but in fact some of these factors may actually be stratifying covariates used in the randomization.
If factor A has a levels, factor B has b levels, etc., then we say we have an a b : : : full factorial design and there are k = a b : : : factor level combinations or \groups". For example, the Physicians' Health Study 1] was a 2 2 design with four groups; factor A was aspirin use (with levels aspirin or aspirin placebo), factor B was betacarotene use (with levels betacarotene or betacarotene placebo). Of course, an important special case is the one-way layout with just one factor A, at k = a levels.
The outcome by which the k groups are to be compared is the time from entry into the study until the time of rst occurrence of a speci c event of interest, failure say. During the accrual period of V time units, patients enter at a uniform rate and are randomly assigned to one of the treatment groups. If V = 0, all subjects enter simultaneously. After the end of the accrual period, the study continues for a further ( 0) time units. Thus the maximum possible followup time for any one subject can be no more than V + . We assume that subjects drop out of the study at a constant rate. The failure times for such subjects are considered censored. Non-failing patients surviving to the end of the study are also considered censored. Let j ; F j ; f j denote the mean, cumulative distribution and density functions, respectively, of the time to failure for subjects in group j (1 j k). We de ne the \incidence rate" parameter as the reciprocal of the mean, j = 1= j . For exponentially distributed failure times, j is the usual hazard rate. The null hypothesis of interest is F j = F for all j; that is, there is no di erence among the treatment groups. The alternative hypothesis may be a general one of inhomogeneity or there may be interest in a speci c type of departure from the null hypothesis such as trends in the levels of one or more of the factors, or the presence of interaction (synergism or antagonism) between the factors. These hypotheses are discussed in more detail in the following sections.
Test Statistics
In this section we describe the various hypotheses of interest and the corresponding test statistics.
We denote the observed incidence rate for group j (1 j k) by^ j = d j T ?1 j , where T j is the total exposure time of all subjects in the jth group and d j is the number of failures in that group. The observed log incidence rates are de ned as^ j = ln^ j . If the failure times in group j are exponentially distributed then^ j is the maximum likelihood estimator of the true incidence rate j and^ j is asymptotically normally distributed with mean j = ln j and variance d ? 27] , and unweighted and weighted squares of means analysis proposed by Yates 26] . Little work appears to have been done comparing these methods, even for normally distributed data; however, based on the results of the simulation study 31], we adopted the weighted squares of means statistic, as being best approximated by a chi-square distribution.
To de ne this statistic we need to extend our group labelling notation. First suppose we have a two factor a b design. We de ne d ij and^ ij to be the number of failures and observed log incidence rate, respectively, in the group corresponding to level i of factor A and level j of factor B. The statistic used to test for presence of interaction is then given by:
Here^ is a weighted average of the f^ ij g given by:
This is the same quantity as de ned after Equation (1) (2) is greater than some critical value. Calculation of this critical value will be discussed in more detail in Section 2.4. For higher-order factorial designs, the statistic (2) generalizes in a natural way to be de ned as the total weighted sum of squares minus the sum of the main e ects weighted sums of squares.
c) Tests for Trends and Other Linear E ects:
It is often of interest to test various particular linear combinations of the group incidence rates. 
The null hypothesis of homogeneity of incidence rates is rejected if the absolute value of (3) is greater than some critical value. If the rates f^ ij g are approximately normally distributed, then (3) has an approximate standard normal N(0,1) distribution under the null hypothesis. However our program does not need to assume this is necessarily the case.
Various choices for the fc ij g are of interest. For example, to test for presence of a linear trend in incidence rates corresponding to the the levels of factor A, we may simply set c ij = i. If we are interested in the pairwise di erence between the high level of factor A (i = a, say) and the control level (i = 1, say), we may set c 1j = ?1, c aj = +1 and c ij = 0; i = 2; : : :; a ? 1. Similarly, by appropriate choice of fc ij g, we may test for any \single degree of freedom" interaction e ect.
Tests of linear combinations are not limited to two factor designs. Analogous hypotheses of interest and corresponding test statistics can be formed for designs with any number of factors. For example, for three factor designs, the quantities in (3) would have triple subscripts; for one factor designs, formally set b = 1 in (3).
d) Multiple Testing:
In a factorial experiment there will be several hypotheses that are of interest, e.g. overall homogeneity of incidence rates, presence of interaction, trends or pairwise di erences between levels in each of the factors. The problem of multiple comparisons is well known 32], 33]. One way to preserve Type I error rates and protect against spurious signi cant results is to use Fisher's LSD method 32, page 3] as proposed by Makuch and Simon 22] . Here any linear combination or interaction test can only be found signi cant at level if the overall hypothesis of homogeneity of rates is rejected using test (1) at level . If this strategy is employed then it is ensured that the probability of falsely rejecting any true hypothesis does not exceed . Other less conservative approaches are possible 32], but this is the most simple.
Failure-Time Distributions
The program presented in this paper allows the user to specify di erent choices for the failure-time distribution F j . One way to characterize a failure time distribution is by its hazard rate function, h(t) say. The hazard rate function is related to the cumulative distribution function (cdf) F(t) by the relationship:
The choice h(t) = t ?1 = corresponds to the Weibull cdf where F(t) = 1 ? expf?(t= ) g.
Here is termed the shape parameter and the scale parameter. Another commonly used failure time distribution is the lognormal, with cdf and density function given by F(t) = ((ln t? )= ) and f(t) = 1 t ((ln t? )= ), respectively. Here ( ) and ( ) are the standard normal cdf and density, respectively. The hazard function is given by h(t) = f(t)= 1?F(t)] and the median, mean, and variance are given by ; exp( + 2 =2) and exp(2 + 2 )(exp( 2 ) ?1), respectively.
Under the overall null hypothesis of homogeneity, the failure time distributions of all groups are the same. The program allows three possible choices { exponential, Weibull or lognormal. The powers of the various tests are computed under the alternative hypothesis. Under this hypothesis, the failure distributions of the di erent groups have the same form (either exponential, Weibull or lognormal), but with parameters that may vary from group to group. In addition to the above three families of distributions, two further choices are available under the alternative hypothesis. These are the lagged exponential and lagged Weibull. The lagged Weibull is de ned by its hazard rate function:
h 0 (t) if t < t h 1 (t) if t t where h i (t) = i t i ?1 = i i for i = 0; 1. Here t is a further parameter that represents the length of a lag period during which the hazard rate remains the same as that speci ed by the null hypothesis,
i.e. h 0 ( ), but after which the treatment takes e ect, changing the hazard rate to h 1 ( ). The lagged exponential is a special case where 0 = 1 = 1. The provision of lagged distributions is motivated by our interest in disease prevention studies where it might be expected that intervention does not take e ect immediately, see e.g. 34], 35]. By being able to postulate di erent distributions under the null and alternative hypotheses, the user of our program can investigate the sensitivity of the power to a variety of distributional assumptions and thus be able to decide on a robust design.
Monte Carlo Approach
In this section we will describe the simulation of a clinical trial according to the design speci cations of the user. First, failure times are generated for each patient under the null as the minimum of a variate drawn from the selected failure-time distribution and a censoring time. The test statistics given in (1) and (2) are computed using the generated data. The test statistic (3) is also computed for the linear combinations speci ed. This procedure is repeated N times where N is some speci ed (large) number. This yields N independent realizations of (1) { (3). From the generated distribution of each statistic, the 100(1 ? ) percentiles are calculated for = 0:05; 0:01. For test statistics (1) and (2) we refer to these percentiles as \exact" cut-o points (or critical values). However, since the exact distribution of (3) is not symmetric and the tests based on it are two-sided, we compute two \exact" cut-o points for it: an upper and lower =2 value. These are simply the upper and lower =2 quantiles of the generated statistic values.
For the statistics (1) and = 0:01; 0:05, we also record the relative frequency that the generated values exceed 2 k?1 ( ), the upper 100 percentage point of the chi-square distribution with k ? 1 degrees of freedom. This provides a check on the accuracy of the normal approximation proposed by Makuch and Simon 22] . Similar checks are provided on the normal approximations for the statistics (2) and (3). However it should not be expected that the distribution of these statistics is approximated well by a chi-square in all circumstances.
Simulated failure times are generated similarly under the alternative hypothesis speci ed. For each test statistic (1, 2, 3) , the proportion of generated values that lie above the exact cut-o , computed under the null as above, provide an estimate of the power of each of these tests. The power of the tests that use the normal approximation for critical values can also be computed by considering the approximate cut-o points in place of the exact ones.
Program Description
A ow chart for the program is given in Fig. 1 . Some sample runs are described in the next section. The program consists of three parts: (1) Input Module; (2) Simulation Module; (3) Output Module. We will now describe each of these modules in detail.
Step 1. Input Module
The user is rst prompted for the name of the output le where the input speci cations and all output is recorded. The design layout (e.g., one-way or higher-way) to be simulated is entered next. If a higher-way design is selected, the user is prompted for the number of factors. The number of levels for each factor and the number of subjects in each treatment combination arm are entered next. The time-unit for the study (hours, days, weeks, months or years) is now inputted. This item is not actually used by the program in any of the calculations, but is useful for setting the context of the study. The user is then prompted for the length of the accrual period, the overall length of the study (analysis time) and the dropout rate among individuals in the study. Next, the form and parameter values of the failure-time distributions to be simulated under the null and alternative hypothesis are speci ed. For the exponential and Weibull distributions the mean and standard deviation of the distribution selected under the null are printed for veri cation purposes. The user is then prompted to enter the number (possibly 0) of linear combinations of log incidence rates to be tested. Denote this number by L C , say. If L C 1, the user is further prompted to input the coe cients, in standard group order, for each of the L C combinations, as illustrated in the sample terminal session in Appendix B. Finally, the desired number N of simulation runs (or replications) under the null and alternative are entered. Optionally, the program allows the user to specify the random number seed to initiate the simulation so that the results are repeatable.
Step 2: Simulation Module
The program simulates the failure experience of a clinical trial with the design speci ed using the input of Step 1. This is done by simulating entry, dropout and failure times under the null hypothesis for each patient with the speci ed sample sizes. This simulation is then replicated N times. A table of summary statistics containing the average numbers of failures generated (along with standard errors) is printed for each group. The empirical distributions of the statistics (1)| (3) are constructed and the exact and approximate cuto points computed. The whole procedure is then repeated for failure times under the alternative hypothesis speci ed in Step 1.
Step 3: Output Module
The program prints the following results to the screen and designated output le: The exact 100(1? ) percentile cut-o and corresponding power are displayed for = 0:05 and 0:01. In addition the approximate signi cance level, cut-o and power using the approximate chi-square cut-o are also displayed for purposes of comparison with 22]. This table is printed only if there are two or more factors. It contains output analogous to that in Table 1 but for the interaction statistic given by (2). Table 3 : Two-sided tests of the individual linear combinations of log incidence rates For each of the L C linear combinations speci ed, the exact upper and lower (denoted by U and L respectively) cut-o and power are reported. The approximate normal cut-o , signi cance level and power are also displayed for comparison purposes. Note that, under the normal approximation, the distribution of (3) is symmetric, so only two-sided signi cance levels and powers are reported for the approximate test. This table is designed to illustrate the multiple comparisons phenomenon and is displayed only if more than one linear combination is tested (L C 2). The proportion of simulation runs (under the null and alternative) in which at least one combination is signi cant is reported. The numbers along the null row re ect the in ated Type I error if each combination were tested at the unadjusted signi cance level. If more than one linear combination is tested (L C 2), the proportion of simulation runs (both under the null and alternative) in which at least one combination and the overall test statistic is signi cant is reported. The numbers along the null row re ect the adjusted Type I error if Fisher's LSD multiple comparisons method is used to evaluate the signi cance of individual tested linear combinations.
Sample runs
Sample runs for two designs are described. The rst is a simple one-way layout example. The second is a large clinical trial with two factors of interest. The terminal sessions are given in Appendices A and B respectively.
One factor design with three levels
The rst example is intended to serve as a comparison with the approximate procedure of Makuch and Simon 22] . The authors determine sample size requirements for comparative clinical trials with multiple treatment groups. Failure times are assumed to follow the exponential distribution. Using approximate chi-square cut-o 's, they calculate the number of failures required per group, to achieve a pre-speci ed power against speci c alternatives. We specify a trial using the sample size they recommend for achieving a power of 0:90 for a one-way layout with three treatment arms. Since they specify sample size in terms of number of failures, we set the dropout rate to be zero and the analysis time very large (1000 years), to assure that all failures are observed. Thus all patients are followed to failure. The alternative hypothesis under consideration is one where the ratio of the largest mean failure time relative to the smallest mean failure time is two.
The sample run is displayed in Appendix A. It can be seen from the results displayed in Table 1 that the achieved power of 0.8940 (with a simulation standard error of 0.0097) is very close to the pre-speci ed power 0.90, thereby validating the use of the chi-square approximation by Makuch and Simon 22] in this example of exponentially distributed data.
Two factor chemoprevention clinical trial
We have used the program to design a large 2 3 general population chemoprevention clinical trial involving two nutritional supplements. Factor A has two levels | placebo or supplement; Factor B has three levels, placebo, low and high dose. Thus there are six treatment combination arms or groups. The objective of this trial is to determine if the two treatments under consideration have any e ect on disease and mortality. Based on the resources available, the following input numbers are used. 1200 patients are assigned to each of the 6 cells. The overall length of the study is 10 years with an accrual period of 2 years. Based on pilot study data, a dropout rate of 7.5% per year is anticipated and the distribution of the time to failure under the null hypothesis is speci ed as exponential with a failure rate of 2%/year. The failure-time distribution under the alternative is a lagged exponential with a lag time of 2 years. Further, the failure rates under the alternative for the 6 cells are chosen such that there is no interaction in incidence rates between the factors on a multiplicative scale (additive on the log scale). The two linear combinations of interest test for the e ect of the presence of each treatment. The sample run is displayed in Appendix B. The results show that such a design is probably adequate { a 5% level exact test of overall homogeneity has power of approximately 85%; the power for testing the main e ect of factor A (combination 1) is 88%; for testing high and low dose of factor B versus placebo (combination 2) it is 56%. The normal approximations agree quite well again, even though, under the alternative hypothesis, the distributions are not exponential but lagged exponential. However if the powers displayed were not su cient, the program could be rerun with larger sample sizes, Conversely, if lower powers would su ce, smaller sample sizes could be tried. Upon iteration, a suitable combination of acceptable power, numbers of factor levels and economical sample size can be obtained. The program should then be rerun under a variety of input failure distributions and parameter values to examine the sensitivity to departure to assumptions made in constructing the design. In the application which motivated this example, such considerations led to selecting only two, not three, levels for factor B. 
